INTRODUCTION
Changes in rainfall distributions have attracted much attention because of the particular vulnerability of human activities to hydrological extreme events such as floodproducing rains and droughts (Kharin et al., 2007) . As a consequence, there is the fact that precipitation has a dramatic effect on agriculture (Jianhai et al., 2010) . Then a better understanding of the spatial and temporal variability of land-surface precipitation, at local and regional levels, is indispensable for advancing climate *Corresponding author. E-mail: tiquis@gmail.com. Tel: +52 492 9239407 ext. 1215. change research as well as for assessing the potential impacts of climate change on water resources (Nickl et al., 2010) . For instance, it has been evidenced that precipitation trends vary by regions and over time, although land-surface precipitation has generally increased north of 30°N over the past century and decreased over much of the tropics since the 1970's (IPCC, 2007) . Thus, knowing the behavior of local and regional precipitation could be of great socioeconomic importance because in rural areas it is commonly coupled with crop coefficient values for irrigation scheduling and water management (Mutziger et al., 2005) . This is the case of arid and over-exploited with a deficit of about 201,100,000 m 3 per year (SEMARNAT, 2008) . Additionally to common statistical analysis, precipitation time series could be analyzed using other approaches like the spectral analysis that uses several algorithms such maximum entropy, autoregressive moving average, non-harmonic method, singular spectral analysis and the traditional Fourier analysis (Lana et al., 2005) . Table 1 shows results from precipitation studies that used the spectral analysis approach to identify periodicities for different localities around the world. It is interesting to point out that there is a lack of this kind of studies in Latin-America, particularly in México.
Hence, the aims of this study were: 1) To identify linear trends of long-term rain-gauge time series registered at 56 meteorological stations located within Mexico's state of Zacatecas, and 2) To identify important frequencies and its possible connection with periodic phenomena for longterm precipitation anomaly time series by means of the power spectrum analysis.
MATERIALS AND METHODS

Data
The original data were long-term records of monthly precipitation. We acquired those data sets for 108 meteorological stations located within the territory of the Mexico's state of Zacatecas. In this analysis, we only considered time series with more than 30 years long records (56 out of 108 stations). Generalities for those stations and analyzed series are presented in Table 2 . Data were kindly provided by the 'Comisión Nacional del Agua', the Mexico's national official institution in charge of the registration of climatic and meteorological data.
Linear trends
Original data sets were treated as fractal profiles to estimate firstly their linear trends by means of regression analysis and later to compute self-affinity indexes of the precipitation anomaly time series by means of fractal analysis through power spectrum approach. Among several methods to calculate the trend of a precipitation time series, the simplest and broadly used is the interpretation of the time series as a superposition of a linear trend (Trömel and Schönwiese, 2008) . This technique has been used by Muhlbauer et al. (2009 ), Guerreiro et al. (2010 , Xie et al. (2010) , Nickl et al. (2010) and Xie et al. (2011) . Therefore, the linear trends were estimated through least squares linear regression analyses taking into account the following simple model (Draper and Smith, 1966) :
Fractal analysis
Experimental series are often affected by non-stationarity and fractality (Ming, 2010) . Climate time series are in general non-stationary, and frequently present long-term trends. The presenceof a trend can make it more difficult to analyze other components of interest, such as the cycle or the seasonal; thus, the purpose of removing a trend is to simplify the analysis of these other components (White and Granger, 2011) . In other words, removing the trend is an important issue in order to avoid that non-stationary behavior accompanying these data will give spurious results (Peng et al., 1994; Hausdorff and Peng, 1996) . When this step is performed, the new time series is known as anomaly time series, which is the time series of deviations of a quantity from some mean (Wilks, 2011) . Then, before to carry out the fractal analysis through power spectrum density approach, precipitation linear trends of series were removed following the Equation 1:
where di Yˆis ith detrended monthly precipitation, that is monthly precipitation anomaly.
Temporal variation of natural phenomena has been difficult to characterize and quantify. To solve these problems, fractal analysis was introduced by Mandelbrot (1982) . Time series can be characterized by a non-integer dimension (fractal dimension) when treated as random walks or self-affine profiles. Self-affine systems are often characterized by roughness, which is defined as the fluctuation of the height over a length scale. For self-affine profiles, the roughness scales with the linear size of the surface by an exponent called the roughness or Hurst exponent. However, this exponent gives limited information about the underlying distribution of height differences (Evertsz and Berkner, 1995) . There is the fact that the Hurst exponent as well as the fractal dimension measures how far a fractal curve is from any smooth function which one uses to approximate it (Moreira et al., 1994) . There are a lot of approaches to estimate fractal dimension for self-affine profiles but we used only the power spectrum technique, because it is sensitive and a good exploratory tool for real data (Weber and Talkner, 2001) .
Power spectrum approach
Self-affine fractals are generally treated quantitatively using spectral techniques. The variation of the power spectrum P(f) with frequency f appears to follow a power law (Turcotte, 1992) :
The power spectrum P(f) is defined as the square of the magnitude of the Fourier transform of the monthly precipitation anomaly data. Denoting anomaly data as a function of time by Z(t), we have:
where t0 and t1 are the limits of time over which the series extend. In the case of such precipitation anomalies record, which is sampled at discrete time intervals, we should use the discrete version of Equation 4:
The next step is to obtain a relationship between the power  and the fractal dimension D. By considering two time series Z1(t) and Z2(t) separated by the distance r, and related by:
It can be observed that Z1(t) has the same statistical properties as Z2(t), and since Z2 is a properly rescaled version of Z1, their power spectral densities must also be properly scaled. Thus we can write:
It follows that; where Ds denotes the fractal dimension estimated from the power spectrum and H is the Hurst exponent. The Hurst exponent provides a measure for long term memory and fractality of a time series and it quantifies the relative tendency of a time series to either regress to a longer term mean value in a direction.
Since the periodogram is a poor estimate of the power spectrum because the estimate of the power at any frequency is very noisy, with the amplitude of the noise being proportional to the spectral power, we preferred to use the Welch's method of averaging periodograms to obtain 50 regular logarithmic intervals of the two records (complete series and partial series). Moreover, we used the 'running sum' transformation to shift, by a factor of +2, the slope, and thereby the Hurst exponent and the Ds because data trace had a slope between -1 and 1 on the log-log plot.
In practice, to obtain an estimate of the fractal dimension Ds, one calculates the power spectrum P(f) (where f , f is the wavenumber, and is the wavelength), and plots the logarithm of P(f) versus the logarithms of f. If the profile is self-affine, this plot should follow a straight line with a negative slope -.
Important frequencies of precipitation anomaly series were estimated using the plot yielded by power-spectral density, Φx(f), versus frequency by taking into account significant (P<0.05) peaks.
RESULTS
Linear trends
In the present study, the simple linear regression procedure was performed for each of 56 precipitation time series with the aim to obtain their linear trends (Figure 1 ). Station's generalities and regression analysis results are shown in Table 2 .
The overall mean of trends was 0.20 mm decade -1
, the minimum value of trends was -3.49 mm decade -1 and the maximum trend value was 7.52 mm decade -1 . This late value is within the range (between 7.5 and 21 mm decade ) reported by Nickl (2010) , who reported an increase in annual land-surface-average precipitation over the decade from 1992 through 2002. However, in our study case, a precipitation increasing trend was not noticed for all 56 localities.
Negative linear precipitation trends were obtained for 28 out of 56 stations and none was significant at P<0.05. On the other hand, 28 out of 56 precipitation trends were positive and the only significant trend (P<0.05) was found for 'La Bufa' station time series with a trend of 3.51 mm decade -1 .
Power spectrum analysis
Fractality statistics of monthly precipitation anomaly time series are shown in Table 3 . Precipitation anomaly time series for all stations yielded straight lines on the log-log plot with slope (-β) varying from -1.42 to -2.29 suggesting that P(f)  f - . Therefore, it means the spectrum is singular and is represented by a curve on the complex plane in all the 56 monthly precipitation anomaly time series. D s values vary from 1.35 to 1.79, and H values vary from 0.21 to 0.65 with a mean of 0.49. We found values of D s lower than 1.5 in 24 out of 56 of the monthly precipitation anomaly time series, thus noise in those series tend to be persistent (long-term memory) behavior (de la Fuente et al., 1999) . On the other hand, D s values in 26 out of 56 of the monthly precipitation anomaly time series were higher than 1.5, thus noise in those series tends to have anti-persistent (short-term memory) behavior. Additionally, we found D s ≈ 1.5 values in 6 out of 56 of the monthly precipitation anomaly time series, thus noise in those series tend to be like the Brownian movement or random walk.
Important frequencies
Plots of power spectrum density, Φ x (f), versus frequency allows us to identify the dominant frequencies on monthly precipitation anomaly time series, as in terms of the dominant frequencies (1/month) that are likely to be important to the precipitation process (Liu et al., 2011) . Readers must take note that this approach give us some components of frequency that do not take into account time and length because this analysis give us a resolution in frequency that is determined for the window size over the analyzed time series. In other words, the results shown in Figure 2 (1-, 2-, 3-, 5-and 7-year frequencies) and Figure 3 (0.5, 1-, 3-, 5-, 8-, 10-, 13-and 20-year frequencies) for 'La Bufa' and 'Excame III' monthly precipitation anomaly time series, respectively, give us useful information about the frequency contents of the analyzed series, but they do not indicate at which time these frequencies occurred.
In all analyzed monthly precipitation anomaly time series, the annual cycle was present in its powerspectrum (Table 3 ). This result was evident because precipitation process is strongly influenced by earth movement around the sun that causes seasons (Song et al., 2009) .
The quasi-Biennial cycle was present in 14 out of 56 monthly precipitation anomaly time series (Table 3) . This cycle is a 26 month cycle explaining the reversal in the wind in the lower stratosphere of North Pole and solar activity (Labitske and van Loon, 1989; Mendoza et al., 2001) . This cycle has been reported in several studies around the world as appreciated in Table 1 .
The possible effect of a periodic event like 'El Niño Southern Oscillation' (ENSO) with an erratic cycle from 3 to 5 years (Weber and Talkner, 2001 ), 3 to 6 years (Monetti et al., 2003) or 2 to 7 years (Zubair, 2002; Valdez-Cepeda et al. 5319 MacMynowski and Tziperman, 2008) was present in 53 monthly precipitation anomaly time series (Table 3 ). For instance, this possible effect is evidenced in Figure 2 for 'La Bufa' monthly precipitation anomalies taking into account the 2-, 3-, 5-and 7-year periodicities and evidenced in Figure 3 for 'Excame III' monthly precipitation anomalies taking into account the 3-and 5-year periodicities. Our results agree with that of ReyesCoca et al. (2004) , who reported ENSO significant activity (2-to 7-year periodicities) over rainfall for Baja California, Mexico. We found the possible effect of sunspot cycle over precipitation in 41 out of 56 monthly precipitation anomaly time series (Table 3 ). Sunspot cycle varies from 8 to 14 years (Mendoza et al., 2001 ) with a long-term average of 11.3 years. This possible effect is evidenced in Figure 3 for 'Excame III' monthly precipitation anomalies taking into account the 8-, 10-and 13-year periodicities. This periodicity was also reported in precipitation time series by Maheras et al. (1992) for Central Mediterranean places, Moron (1997) for Subequatorial and North Africa localities, Türkes (1998) for turkey sites and Kane (2009) for some regions in South Africa. Contrary to these findings, Karagiannidis et al. (2008) pointed out that eleven-year cycle of sunspots seem to have no effect on precipitation across the European continent.
DISCUSSION
In our study case, linear regression analysis was used to estimate trends for 56 precipitation profiles. We found a negative linear trend for 28 out of 56 precipitation time series anomalies. On the other hand, 28 precipitation trends were positive but only one of them (La Bufa) with a positive trend of 3.51 mm decade -1 was significant at P<0.05. This result means that only in this locality a significant increase of precipitation was estimated. Nonetheless, it does not imply other increases/decrease, associated to other localities, are not important. Further work about analysis of precipitation time series at local level around the world is needed to determine their trends because they could be different among localities, as in our study case. Thus, our results agree with previous reports; for instance, there appears that precipitation varies among regions and over time (IPCC, 2007) . However, recent data suggest that land-surface-average precipitation has continued to increase until the present day (Nickl et al., 2010) . Thus, it is convenient to perform this kind of studies in a continuous way at local and regional levels.
In the present study, linear regression analysis was used to estimate the trends for precipitation anomalies. Besides this classic approach, other techniques to calculate the trend could be used; for instance, join point regression (Nickl et al., 2010) , Mann-Kendall test for trend, and Sen's slope estimation (Croitoru and Toma, 2010), among others. We recommend that research works in the future should consider at least two of these approaches for estimated trend comparison purposes. The power spectrum analysis was employed in order to identify important frequencies affecting monthly precipitation anomaly time series behavior. Important frequencies noted in our study seem that precipitation anomalies could be related with the yearly cycle, quasi-Biennial cycle, ENSO phenomena (2 to 7 years) and sunspot cycle (8 to 14 years). It is worthy to note that precipitation process seems to be affected by the aforementioned phenomena only in certain areas but not in all. Our results suggest that differences among time series from neighbor stations are difficult to explain, and agree with Karagiannidis et al. (2008) findings. These are important issues to be taken into account in future research to gain knowledge about the behavior of precipitation time series and its possible association with periodic phenomena. This topic could be possible resolved when using other techniques such as wavelet cross spectrum and wavelet coherency analysis (Maraun and Kurths, 2004; Hartmann et al., 2008) .
Conclusion
The overall mean of precipitation trends was 0.20 mm decade -1
; whereas the minimum trend value was -3.50 mm decade -1 and the maximum trend value was 7.52 mm decade -1 . The only significant trend (P<0.05) was found at 'La Bufa', Zacatecas with a positive trend of 3.51 mm decade -1 , which means rainfall in that locality has been increasing in a significant way during the last 63 years.
Noise in 24 out of 56 of the monthly precipitation anomaly time series was found to have a persistent behavior. On the other hand, anti-persistent behavior was found in 26 out of 56 of the monthly precipitation anomaly series; whereas random walk noise was found in 6 out of 56 of the monthly precipitation anomaly series.
Important frequencies noted in most of the 56 precipitation anomaly time series seems that could be related with the yearly cycle, quasi-Biennial cycle (from 2 to 3 years), ENSO phenomena (2 to 7 years) and sunspot cycle (8 to 14 years).
